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Abstract 
Learning processes and learning potentials are continuously investigated. Exploration of the possibilities of Technology 
Enhanced Learning (TEL) led to the development of many solutions and recently to Massive Open Online Courses (MOOCs). 
MOOCs are probably the most important "novelty" in the field of e-learning of the last years.   MOOCs are capable of providing 
several ten thousands of learners with access to courses over the web. MOOCs have recently gained much attention especially in 
leading universities and are now often considered as a highly promising form of teaching. More and more universities are 
currently working to offer their courses in the form of MOOC providing learners with a wide variety of choices. With MOOCs 
proliferation, learners will be exposed to various challenges and the traditional problem in TEL “finding the best learning 
resources” is more than ever up to date.  Since information retrieval and searching for the appropriate learning resources is an
essential activity in TEL, the development of recommender systems for learning has seen increased attention. Recommender 
systems permit to respond to the traditional problem.  In the present paper, we address this major problem – the difficulty for
learners to find courses which best fit their personal interests. We propose a system that recommends appropriate MOOCs in 
response to a specific request of the learner.  Using the Case Based Reasoning (CBR) approach  and a special retrieval 
information technique, the system proposes to the learners the most appropriate MOOCs (from different providers) fitting her/his
request based on learner profile, needs and knowledge. 
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1. Introduction 
The Technology Enhanced Learning (TEL) is an interdisciplinary research field to which several disciplines 
contribute (M Kalz & M Specht, 2013) Learning processes and learning potentials are continuously investigated. 
Exploration of the possibilities of TEL led to the development of many solutions and recently to Massive Open 
Online Courses (MOOCs). MOOCs are capable of providing several ten thousands of learners with access to courses 
over the web (McAuly & al, 2010). The latest spread of MOOCs is enabling people to satisfy their learning needs. 
MOOCs provide a new way of learning, which is open, participatory, distributed and lifelong (Cormier, 2013).  
MOOCs have recently gained much attention especially in leading universities and are now considered as a highly 
promising form of teaching. Many universities are offering courses in the form of MOOC providing learners with a 
wide variety of choices.  On the other side, this huge number of available and open resources led us to think on the 
way to help learners to not be lost. Learners need to find the most appropriate resource, among all proposed on the 
web, and to prevent them from being overwhelmed by the huge amounts of resources.   Since information retrieval 
and searching for the appropriate learning resources is an essential activity in TEL, the development of recommender 
systems for learning has seen increased attention. Recommender systems permit to respond to a traditional problem 
in TEL which is “finding the best learning resources” for the learner. With MOOCs proliferation, this traditional 
problem is more than ever up to date.  Learners will be exposed to various challenges with this excess of learning 
resources: which provider they have to choose to search for a specific MOOC? How to search for a specific MOOC?  
When a MOOC is found, how learner can be sure that it is the best one?  Hypothetically, all MOOCs users would try 
to find services that help them identify suitable learning resources from this overwhelming variety of choices. 
Consequently, in this context, the concept of recommender systems can be particularly appealing.  In this paper, we 
address these questions. We propose a system that recommends appropriate MOOCs in response to a specific request 
of the learner.  Using the Case Based Reasoning (CBR) techniques, the system proposes to the learners the most 
appropriate MOOCs (from different providers) responding to his request. In the following, we will give an overview 
on Open Educational Resources (OERs) and MOOCs. In section 3, a brief review of the literature on the 
recommender system for learning is presented. The used approach namely the Case Based Reasoning and its relation 
with recommender system are presented in the next section. The proposed system is described in Section 5.  Finally, 
Section 6 is dedicated to the conclusion and future works. 
2. Open Educational Resources and MOOCs 
Open Educational Resources are teaching, learning and research resources that reside in the public domain or 
have been released under an intellectual property license that permits their free use or re-purposing by others (Atkins 
& al, 2007). “Open Educational Resources are digitized materials offered freely and openly for educators, students 
and self-learners to use and re-use for teaching, learning and research” (Hylén,  2005). The term was first introduced 
at the first Global OER conference hosted by UNESCO in 2002. By providing open access to course content, the 
development of OER initiatives has paved the way for free online courses, such as Open Course Ware (OCW) and 
Massive Open Online Courses (MOOC).  
MOOCs have recently gained much attention especially in leading universities and are now considered as a 
highly promising form of teaching. Many universities are offering courses in the form of MOOCs providing learners 
with a wide variety of choices. Fig. 1 below shows the fast growth of MOOCs in the world (European MOOCs, 
2014). 
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Fig. 1: The fast growth of MOOCs in the world.
3. Recommender System for Learning 
The term recommender system was coined to refer to a system using the opinions of a community of users to 
identify more effectively content of interest from a potentially overwhelming set of choices (Adomavicius & 
Tuzhilin, 2005). These types of systems have been used by online e-commerce sites to recommend items to their 
customers since 1990s (Resnick & Varian, 1997). However, it was only in the beginning of 21th century when the 
first notable applications arise in the domain of education (Manouselis & al, 2012). The proliferation of learning 
resources in the internet requires the use of recommender systems that support learners in finding their way through 
the multiple thousands of learning resources offered.  Burke (Burke, 2002) defines recommender system for learning 
as any system that produces personalized recommendations as output or has the effect of guiding the learner in a 
personalized way to interesting or useful learning resources in a large space of possible options.  However, 
recommending suitable resources for learning processes is more complex than recommending commercial items. 
Therefore designing TEL recommender system requires considering some particularities regarding user tasks and 
goals (Herlocker & al, 2004). 
In general, recommendation can be user-based or content-based approaches or both (i.e hybrid approach). In the 
user-based approach, the users’ preferences are analyzed and aggregated from the users’ profile (Resnick et al. 1997,
Goldberg et al. 2001). In the content-based approach, the system finds patterns or similar patterns related to previous 
experiences in order to recommend new ones (Ricci et al. 2011). The later approach is a form of case-based 
reasoning approach.  Next section deals with this technique.  
4. CBR related to Recommender System 
Case-Based Reasoning (CBR) (Wilke & Bergmann, 1998) is a form of memory-based reasoning (Richter & 
Weber, 2013). Broadly construed, CBR is the process of solving new problems based on the solutions of similar past 
problems. In that, CBR approach is related to recommender system approaches. Case base recommenders are a form 
of content-based recommendations. They rely on descriptions of the items as the basis for recommendation. Case-
based reasoning systems are distinguished from other forms of content-based recommendation systems by using 
fairly well-structured descriptions of those items (Manouselis & al, 2011). 
The principle of CBR is that similar problems have similar solutions (Cafias & al, 1999). Most case-based 
reasoning systems represent problems and solutions as cases, and they maintain a library called a Case Base. Each 
case has two parts, a problem specification that describes the problem in question and a solution part. When a case 
based reasoning system is faced with solving a new problem, it tries to retrieve a case that is similar to the problem 
being solved, and then reuse that similar case's solution to adapt the solution for the purpose of the target problem. 
Case base reasoning systems have proven to be very useful, particularly, in domains where there is not a strong 
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problem solving knowledge (Richter & Weber, 2013) as the case of our system.  In the following, we will detail 
how techniques of CBR are applied in our proposed system MOOC-Rec. 
5. System description 
Facing a wide range of learning resources provided by an increasing number of MOOCs, learners search for 
suggestions. MOOC-Rec is a web based application which takes into account the user’s interests expressed in a 
query as a problem’s features and provides suitable learning resources among MOOCs providers.  
5.1 System Architecture 
The architecture of MOOC-Rec is shown in Fig. 2. There are three layers: system data layer, system function 
layer and user interface layer. 

Fig. 2: System architecture 
x User interface layer : is the interface of MOOC-Rec system, whose main function is receiving requests that 
users input from interface.   
x System function layer : This layer includes creation and processing of cases (case search, case retrieval  and 
case adaptation)  as well as the recommender reasoning function.  
x System data layer : it  includes three parts:  case base, the user case and similar user case. The case base is 
accumulated and renewed constantly during the process.  
5.2 Interface Layer 
In MOOC-Rec, the user chooses the learning resource features according to their relevance from her/his 
point of view. The user selects five features:  course title (keywords), fees, course’s availability, language and 
location of the Open University. The features are given weight values in decreasing order; between 5 and 1 so 
that the first feature chosen has the high value of weight and the last one has the least value. Figure 3 shows an 
example where the user is requesting a course about the web, without any fees, in English and will be provided 
soon. As soon as the user enters his/her request, a number (from 1 to 5) is displayed to show to the user how the 
features are weighted. The example below (see Fig. 3) shows that the user entered by order of preferences the 
title, the language, the fees, and the availability. 
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Fig. 3: System Interface  
5.1 System Data Layer 
The main function of this part is gathering data to be used by the CBR Recommender System. 
5.1.1 MOOCs’ Crawler 
MOOCs’ Crawler is a topical crawler. It regularly trawls the web MOOCs’ home pages and forms indexes to be 
used by the Recommender search engine for fast recommendations. MOOCs’ Crawler exploits rich cues and sources 
such as XML, Markup and lexical (text) signals within Web pages (Cho et al. 1998, De Bra et al. 1994). The pages 
of interests are visited at query time.  
To populate the case base and to solve the problem of cold start when a new problem occurred, MOOC-Rec 
creates cases by extracting learning source features from XML pages (treated as cases) of MOOCs indexed 
previously by the crawler and listed in certain online directories dedicated to MOOCs such openculture.com  shown 
in Fig. 4. 
Fig. 4: Sample of XML sources
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5.2 System Function Layer 
5.2.1 Overview 
The main hypothesis behind CBR is simply that similar problems have similar solutions or that you can reuse the 
solution of a similar problem in order to solve your actual problem. A case is the most basic element representing an 
experienced situation. As shown in Fig. 5, the main techniques that make up the CBR system are: case 
representation, case retrieval, case adaptation and case reuse 
Fig. 5: CBR system 
The following sections give details on the CBR process. 
5.2.2 CBR Recommender System 
In MOOC-Rec, the CBR recommender system is very similar to generic CBR problem solving system including 
the classical four steps of CBR methodology (retrieve, reuse, adapt and retain) (Wess & al, 1993). This starts with a 
new problem, retrieves similar cases from the case base, suggests the retrieved solution(s) to the user or adapts the 
solution(s) to better solve the new problem and terminates the process by retaining the new case. CBR 
Recommender system guarantees that it retrieves the k cases that are maximally similar to the target problem by 
computing the similarity of the target problem to every case in case base. To reduce retrieval time, MOOC-Rec 
relies on the organization of cases in memory as was proposed in (Aamodt & Plaza, 1994). The organization of the 
case base is based on similarities between cases. A binary tree called a k-d tree is used to split the case library into 
groups of cases in such a way that each group contains cases that are similar to each other according to a given 
similarity measure. To ensure that the most similar cases are retrieved, the retrieval algorithm computes similarity 
bounds to determine which groups of cases should be considered first. In the following sections we describe the 
process steps of the CBR recommender system reasoning. 
5.2.3 Case Representation 
There are three main types of CBR that differ significantly from one another concerning case representation and 
reasoning: structural (ontology), textual (string) and conversational (list of questions) (Richter & Weber, 2013).The 
Case Base in MOOC-Rec is a finite data source. The cases are represented in a flat form by a set of attributes-value 
pairs i.e. an attribute-value vector.  Each case is in general, a couple of (problem, solution). The problem is the 
user’s query. It is described by five attributes: course’s title, location (university where has being giving this course), 
language, availability and fees. Values of attributes are string for the features Title, Language, Location and 
Availability and Boolean for fees (1 if the proposed course is free).The solution is a set of MOOCs’ URL 
responding to the user request. Each attribute in the problem is assigned a weight value according to its relevance 
expressed in the user’s query when s/he chooses features of the desired learning resource. Fig. 6 shows a sample of a 
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case and its features in MOOC-Rec.  
Fig. 6: Sample of a case in MOOC-Rec. 
5.2.4 Similarity and Retrieval 
The retrieval step attempts to retrieve the k-cases (candidate cases) from the case base, that their problem is 
similar to a given new one. This is done by a reasoning process based on the degree of similarity.  To assess 
similarity between the query and the cases, MOOC-Rec compares their attributes one by one. Each attribute has its 
relevance in the query and requires its own similarity function. Recall we mentioned that, in MOOC-Rec, the user is 
able to choose the learning resource features according to their importance from her/his point of view. The user 
selects five features such course title (keywords), fees, course’s availability, language and location of Open 
University. Even though, we are in an on-line education context, we think that the location might be a distinguishing 
indicator in case of possible face-to-face final exams. 
MOOC-Rec uses the Levenshtein distance to measure local similarity between cases’ attributes. The Levenshtein 
function (Levenshtein, 1966) is a type of transformational measure which counts the number of changes needed to 
transform one string into another one. The possible change actions are: insertions / substitutions of characters to 
move from one string to another. The global similarity of each case to the target problem is calculated by taking 
weighted sums of local similarities of n attributes. Attributes weights iZ  are crucial. They influence the global 
similarity between cases (Richter & Weber, 2013).   
Sim(QueryP,CaseP)= )),(*(
1
¦
 
n
i
ii yxLDiZ , i in [1:n] 
LD(xi,yi) is the levenshtein distance function to evaluate similarity between attributes-value pairs. It is limited to 
255 characters but very fast. If xi equals yi, then LD(xi,yi)=0, no transformation are needed, the strings are identical. 
If LD(xi,yi)  0, the strings are not equals. More the distance is higher plus the strings are different.    
Two learning resources with the same title would get the maximum similarity percentage on the metric of title if 
the user chooses title as the first feature to consider, but may differ greatly on another metric, such as location or 
availability. 
ProblemFeatures
Title:webintelligence
andbigdata
Location:India
Language:English
Free:True
Availability:soon
ͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲͲ
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Fig. 7: Comparison between a query and cases. 
In order to illustrate how MOOC-Rec identifies the most similar cases to the current problem, we take an 
example of a query and two cases into the case base (see Fig. 7).  
(a) Sim(QueryP,Case1P)= 
 1/15 (5* LD(QueryTitle,Case1Title) 
 + 3* LD (QueryFees,Case1Fees)         
 + 4* LD(Querylanguage,Case1language) 
 + 2* LD (QueryAvailability,Case1Availability)
+ 0* LD (QueryLoc, Case1Loc)) 
= 1/15(5*22 +3*0+4*0+2*0+0*5)= 7.33 
(b) Sim(QueryP,Case2P)= 
 1/15 (5* LD(QueryTitle,Case2Title) 
 + 3* LD (QueryFees,Case2Fees)         
 + 4* LD(Querylanguage,Case2language) 
 + 2* LD (QueryAvailability,Case2Availability)
+ 0* LD (QueryLoc, Case2Loc))  
= 1/15(5*11 +3*0+4*0+2*6+0*5)= 4.46 
The retrieval step in MOOC-Rec identifies the cases that are most similar to the description of the problem. The 
retrieved cases are ordered in descending value of similarity. 
5.2.5 Reuse and Adaptation 
The result of the similarity measure allows the system to decide on the adaptation to perform. Different forms of 
adaptation exist, such as null adaptation, transformational adaptation (including substitutional and structural 
adaptation), and generative adaptation (Wolfgang & Bergmann, 1998). In MOOC-Rec, we use null adaptation. The 
case base is searched for a similar case containing the most similar user requirements and the solution from this case 
is proposed to the user to solve the current problem without any modification. If no similar solution is found in the 
case base, a search will be processed on the web; a new solution is constructed and saved in the case base. 
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6. Conclusion and Future Works 
Nowadays, learners are overwhelmed by the huge amounts of resources available on Internet. One way to 
overcome this difficulty is to use recommender systems and specifically CBR recommender systems. The later are 
solutions in a world of ever-growing online learning resources. Unlike other recommender systems, CBR 
recommender systems do not need to store large masses of data about items rating or particular users. Our 
experience when designing MOOC-Rec has shown that the data base does not need to be excessively large, since we 
need only enough features to search for similar cases. MOOC-Rec system helps users benefit from the MOOCs 
proliferation and select in an easy way the learning resources that better fit their interests.  
The system proposed in this paper is under implementation and we intend to test it in real-world situation.  As a 
future work, we plan to add more search features such that learning outcomes, course syllabus and course 
prerequisites.  
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